The two major steps of gene expression are transcription and translation. While hundreds of studies regarding the effect of sequence features on the translation elongation process have been published, very few connect sequence features to the transcription elongation rate. We suggest, for the first time, that short transcript sub-sequences have a typical effect on RNA polymerase (RNAP) speed: we show that nucleotide 5-mers tend to have typical RNAP speed (or transcription rate), which is consistent along different parts of genes and among different groups of genes with high correlation. We also demonstrate that relative RNAP speed correlates with mRNA levels of endogenous and heterologous genes. Furthermore, we show that the estimated transcription and translation elongation rates correlate in endogenous genes. Finally, we demonstrate that our results are consistent for different high resolution experimental measurements of RNAP densities. These results suggest for the first time that transcription elongation is partly encoded in the transcript, affected by the codon-usage, and optimized by evolution with a significant effect on gene expression and organismal fitness.
Introduction
The first major step of gene expression is the process of transcribing a stretch of DNA to its corresponding RNA molecule. The transcription process can be performed simultaneously by many RNA polymerase (RNAP) complexes (RNAP II in this case), and is initiated by the binding of an RNAP to the DNA template of a gene -the 3 0 end of the gene's complement strand. The RNAP advances through the DNA template synthesizing the RNA nascent transcript; when the RNAP reaches the end of the DNA template, the RNA transcript is released and the RNAP unbinds from the DNA. 1 Gene expression regulation was traditionally associated with features of the promoter and untranslated regions (UTRs). However, recent emerging evidence show that various signals related to all gene expression regulation stages (including transcription and its kinetics) also appear in the coding sequence itself via its biophysical interaction with the other segments of the transcript. [2] [3] [4] [5] For instance, an implied sequence-mediated relation between codon-usage bias (CUB) and the transcription process suggests that protein encoding genes from organisms with a high metabolic rate tend to include more Adenine-ending codons, and also tend to have higher Adenine content in their introns than those from organisms with a low metabolic rate, due to the fact that higher Adenine frequency in the DNA sequence contributes to faster transcription elongation. 6 Another claim promotes the idea that selection on CUB plays a role at both the transcriptional and translational level in order to synergistically optimize the efficiency of gene expression. 7, 8 However, none of these studies were based on direct large scale measurements of transcription elongation speed.
In recent years, there has been a sharp increase in high throughout experimental methods addressing this challenge. A pioneering study by Churchman and Weissman described a novel approach called Native Elongating Transcript sequencing (NET-seq), designed for capturing RNAP density over the genome of Saccharomyces cerevisiae, with a single nucleotide resolution. 9 Additional methods use various run-on techniques, such as GRO/PRO-seq 10, 11 and BioGRO 12 that uses tiling arrays.
A summary of the NET-seq protocol can be seen in Fig. 1A , B. In brief, it 'freezes' transcription and then pull down the RNAPs with the nascent RNA transcripts attached to them. Next, the RNAPs are removed and the nascent transcripts go through a sequencing process that results in short reads, ending with the last nucleotide that was transcribed. Following, these reads are mapped to the reference genome and pinpoint the location or density of the RNAPs with a single nucleotide resolution; see the Methods section and also Churchman and Weissman. 9 This study presented an aggregated global RNAP density profile for a selected group of genes, which indicate a peak downstream to the transcription start site (TSS) followed by a gradual descent. It also showed a certain sequence motif, which tends to appear at positions with very high RNAP densities, referred to as pauses. Yet, the general and continuous triple relation between RNAP density (an estimation of the transcription elongation rate), the underlying DNA sequence, and the possible causal effects of transcription elongation on organismal fitness and intracellular functions has not been studied. Furthermore, although RNAP pauses might be the main rate limiting step in transcription elongation, 13 pause-free RNAP elongation velocities at saturating concentrations of NTPs have been estimated (in single-molecule experiments) to vary in the range of 15-23 bp/s. [14] [15] [16] This variance has never been explained and in this study we aimed at explaining it.
An additional and 'analogous' technology, related to translation instead of transcription, was developed by Ingolia et al. 17 This technology, based on deep sequencing of ribosomeprotected mRNA fragments and by measuring ribosomal density at a nucleotide resolution, opened a window to understanding the translation process that was previously unavailable. Many recent studies showed the relations between the features of the mRNA sequence and ribosome density reads. [17] [18] [19] [20] [21] [22] [23] However, a similar relation between the DNA sequence and RNAP density reads has not been found yet, mostly due to lack of relevant high-resolution data related to transcription elongation.
In this work we focus on the elongation phase of the transcription process in the model organism S. cerevisiae, aiming at Figure 1 . A schematic framework of this work. (A) Illustration of a NET-seq method for the estimation of RNAP elongation rates. 9 After freezing and cutting the exposed DNA, the RNAP is immunoprecipitated. Next, the RNAP is removed and the transcript, which holds the last nucleotide that was transcribed just before the freezing, gets sequenced. (B) All the reads that end with the last nucleotide that was transcribed are aligned back to the genome, quantifying the number of reads per nucleotide. (C) A flow diagram of this study (see details in the main text). We analyzed the experimental data (i.e. the RNAP density reads) together with the known gene annotations and genomic data. The reads were normalized by the average read of each gene. We learnt 5-mers from different groups of genes and regions within genes in order to demonstrate consistency. We performed comparison with additional run-on protocol measurements, 24 in order to demonstrate consistency. Several possible factors were controlled for, such as mRNA levels, GC content, folding energy etc. Finally, we suggest that the transcription elongation rate is related to expression levels, and so we study the profiles of transcription elongation and the relation between gene function and elongation. (D) The 5-mer density score is defined as the mean normalized density of the 5-mer's middle nucleotide over all the 5-mer occurrences. For instance, considering only one gene and its normalized gene profile as shown, the 5-mer AATGC would have a density score of 1; similarly, the 5-mer GCATG would have a density score of 2.67.
understanding how it is encoded in the transcript, affects its gene expression, and contributes to organismal fitness. We suggest, for the first time, that short transcript sub-sequences have a typical effect on the RNAP speed.
Results
The main objective of the study is to model and understand how transcription elongation is partially encoded in the DNA; we specifically suggest that the RNAP elongation speed is affected by the composition of short nucleotide sub-sequences. To this end, we develop a method for estimating the relative RNAP density/speed on different 5 nucleotides k-mer (or 5-mer) and the elongation rate of transcripts. We show that this measure is meaningful, correlate with gene expression measurements, and can be used for modeling and understating gene expression and its evolution; see details of choosing the 5-mer in Supplementary Note S1 and Fig. S9 .
An illustration of the work flow appears in Fig. 1C : based on genomic data and RNAP densities NET-seq measurements taken from Churchman and Weissman, 9 we assign for each short DNA motif of 5-mer (Boxes A-C) a score according to the estimated strength of its effect on the elongation phase of the transcription process (Box D). We show that this property is consistent in different groups of genes (Box E), along different gene locations (Box F), and when using additional run-on protocol (PRO-seq; Box M). Following, we use this score to define the mean typical transcription elongation rate of genes (MTTR; Box G), and show that it significantly correlates with endogenous mRNA levels (Boxes H-J). We validate our hypothesis regarding the possible relation between transcription elongation and expression levels on two heterologous gene libraries (Boxes I-J), where all variants have identical promoters. Finally, we study the effect of general genomic properties on transcription elongation, such as the relative elongation rates of different gene groups and gene regions (Boxes K-L).
The RNAP typical densities over nucleotide 5-mers cannot be explained by GC content and DNA folding alone
In order to study the relation between RNAP density reads and the underlying DNA sequence, we first normalized each transcript to control for the different transcription initiation rates. Next, we assigned each nucleotide read density to its surrounding k-mer context; thus, for each 5-mer occurrence we attributed the normalized density read of the middle nucleotide. Following, we normalized the values related to each nucleotide 5-mer, over all its various occurrences (see illustration in Fig. 1D and more details the Methods section). We also filtered out locations with pauses (i.e. exceptionally high amount of reads) and locations without any reads at all (see more details in the Methods section); nonetheless, most of our reported results are robust to these filters (see e.g., the 5-mer ranking in Table S1 ).
First, in order to demonstrate that nucleotide k-mers tend to have typical RNAP density, we compared for each 5-mer the coefficient of variation (CV) of all its occurrences to a randomized 'null models': 1,000 sets with the same number of read count values and GC content that were picked at random from all available transcripts (3 rd random model; see details in the Methods section). We found that most of the 5-mers (741 out of 1024) have significantly lower CV values compared to the null models, and only 26 out of the 1024 5-mers have a CV higher than random (see Fig. 2E and also in Supplementary Note S3). These results support our conjecture that the k-mers indeed have a typical transcription elongation rate that is encoded in the nucleotide composition, and that the differences among the k-mer density scores are not due to variability/noise in the data.
Next, we aimed at studying the relation between fundamental biophysical features of the k-mers such as their GC content and local DNA folding energy (FE), as well as the potential effect of these features on relative k-mer RNAP densities and transcription elongation. Specifically, the goal was to verify whether these simple features are sufficient to explain the distribution of RNAP densities among the different 5-mers. We found that the 5-mer GC score has a very low Spearman correlation with the 5-mer density score (r D 0.097, p<1.8¢10
¡3 ; see the Methods section). The RNAP density box-plots for each of the six possible 5-mer GC score values show a slight increase of the 5-mer density scores (average and median) as the 5-mer GC score increases (Fig. S1A) . However, we did not find a significant correlation between 5-mer density scores and 5-mer local FE scores (r<0.01, p D 0.97; see Fig. S1B and the Methods section). Thus, only 0.01% of the variability of the 5-mer density scores can be explained by local FE or GC content. This result suggests that the effect of nucleotide k-mers on transcription elongation rate cannot be explained by simple features such as GC content and/or folding strength alone; among others, it may be related to 'complex' biochemical interactions between the k-mers and the RNAP, the rest of the DNA sequence, nucleosomes, the pre-mRNA, and with additional transcription factors.
The ranking of 5-mers according to their typical RNAP density is consistent along genes and between genes
The purpose of this subsection is to confirm that the k-mer ranking is consistent, not gene or position specific, and robust. If this is true, we should get similar results when using only subsets of the original genes or when performing the k-mer ranking based only on a certain region within the genes.
To show this, we used two randomization processes that arbitrarily separated all the genes into two groups of genes, separately computed the RNAP density scores of 5-mers obtained from each group, and compared these scores. Specifically, we split the genes into two equally sized non-overlapping/disjoint groups at random (1 st random model shown in Fig. 2A and described in the Methods section), and from different parts within genes (using intervals of 100nt long; 2 nd random model shown in Fig. 2C and described in the Methods section). The analysis shown in Fig. 2B demonstrate that there is a high Spearman correlation (r>0.95; p<10 ¡324 ) between the 5-mers density scores learnt from the two different genes groups, even when controlling for GC scores. In addition, we also found a strong correlation between the 5-mers density scores learnt from different sections of the genes (e.g., the first 100 nucleotides close to the TSS in all genes, the second interval 101-200nt from the TSS in all genes, etc.). As shown in Fig. 2D , the Spearman correlations (controlling for GC scores and mRNA 5-mers) between density scores of 5-mers from 10 different intervals of genes (each of 100nt long) are larger than 0.58 (the median correlation is 0.8); see also summary in Fig. 2F . Results remain consistent (r>0.97; p<10 ¡324 ) while excluding paralog group genes, i.e. considering only one gene per paralog group, and when separately learning from highly and lowly expressed genes (r>0.94, p<10
¡324 ; see details in Supplementary Note S2).
The consistent correlation between different sections of 100 nucleotides each, rules out the possibility that all the results are related only to nucleosome effects, as they occupy about 140 nucleotides and the first 4 nucleotides tend to be placed at specific locations, 9 and therefore the affinity for the nucleosome is different between sections (see Fig. S2 ). These results support the conjecture that the different 5-mers of nucleotides consistently affect RNAP density and that the direction and strength of the effect is consistent among different gene groups and gene regions and thus partially encoded in the DNA sequence.
The reported consistency signals cannot be trivially explained based on sequencing bias
The purpose of this subsection is to demonstrate that when performing the k-mer density scoring process on mRNA-seq data originating from the NET-seq experiment we do not get the same results, suggesting that the k-mer ranking based on the NET-seq experiment cannot be trivially explained by sequencing biases. Accordingly, if we do get high correlation between the two k-mer scores generated based on mRNA-seq or NETseq, it may suggests that the observed signal is related to various experimental and/or sequencing biases.
To this end, we analyze mRNA-seq information that was used for the NET-seq RNAP read count 9 in the same manner as of the RNAP reads (the fragmented mature mRNA has the same size distribution as the nascent RNA). The Spearman correlation between RNAP density scores and mRNA-seq density scores was very low (r<0.1; p<6.3¢10
¡3
) and the reported partial correlation when controlling for the mRNA-seq read densities are similar. These results support the conjecture that the NET-seq inferred k-mer RNAP densities are mainly related to biological phenomena and not to various experimental and/or sequencing biases.
Comparative analysis shows consistent 5-mers ranking between high resolution methods used for studying transcription elongation
Since we've found that the DNA sequence affects RNAP speed, and in order to validate our results and further demonstrate the robustness of the observed/reported relations, it is important to analyze additional datasets that provide a high resolution RNAP elongation data. Such an analysis would potentially unveil possible NET-seq biases or artifacts affecting the results.
To this end, we used recently published Precision Run-On sequencing (PRO-seq) data for S. cerevisiae, taken from Booth et al. 24 ; see more details in the Methods section. Comparison of the mRNA levels from the two experiments (PRO-seq protocol paper vs. the NET-seq protocol paper) over the entire S. cerevisiae genome showed high resemblance (r D 0.75; p D 7.18¢10 ¡188 ); a similar comparison based on the average RNAP read count over all genes showed a lower but significant association (r D 0.3; p D 1.43¢10 ¡23 ). This result can be explained by the numerous differences between the two protocols.
24-26 Next, we calculated the PRO-seq 5-mers density scores and compared their ranking with the one obtained for NET-seq; see details in Table S1 . The correlation was 0.29 (p D 1.04¢10 ¡20 ), suggesting a consistency of the 5-mer ranking between the two datasets, which is the level of the correlation between these two protocols.
RNAP densities and estimated transcription elongation rates significantly correlate with mRNA levels and codon decoding rates in endogenous genes Following, we suggest, for the first time, a transcription elongation rate score named the Mean Typical Transcription elongation Rate (MTTR). The MTTR score, designed to estimate the average transcription elongation rate of a specific gene (in a specific species), is computed per gene based on the geometric mean of all its reciprocals k-mer scores, learnt from an RNAP density experiment; see the Methods and previous sections. Thus, for a certain organism with RNAP density data, this score can be computed for all known genes. Accordingly, we first found high consistency between NET-seq and PRO-seq MTTR scores (r D 0.78, p D 8.82¢10
¡75 ; see Fig. 3A , Fig. S13 , and Table S2 ). Next, we observed that genes with relatively high average NET-seq RNAP density have a correlation of 0.19 (p D 4.4¢10 ¡10 ; top 25% average density levels) with MTTR. This correlation may be related to selective pressure for higher elongation cycles in genes that "consume" more RNAP for (E) Schematic description of the reporter approach for studying splicing mediated gene expression regulation: Intron insertion cassettes were constructed in-vitro, each comprised of a selection marker (URA3), a constitutive promoter, the first 195 YFP coding nucleotides (nt), and one of 240 native S. cerevisiae introns followed by an additional 600 YFP coding nt. Each insertion cassette was transformed into the genome of a master strain, which contained a promoter-less YFP gene, and so creating an in-vivo intron-reporter yeast library (YiFP). Culture growth and YFP expression levels of each variant in the library were monitored using a micro-plate reader. 29 (F) YFP library used to study the effect of the transcript on transcription efficiency and mRNA levels. We analyzed a library in which the last 14 nucleotides of the 5 0 UTR were randomized, but did not change the codons of the analyzed gene and YFP. 27 (G) A scatter plot of computed MTTR vs. Expression levels. Spearman correlation between MTTR and expression levels is displayed inside the plot. (H) MTTR plotted against mRNA levels of 5 0 UTR HRSVgb04 variants.
optimizing/maximizing the RNAP pool and thus the global transcription rate. If the transcription elongation rate affects the overall transcription rate, we expect to see a correlation between mRNA levels and MTTR; thus, we aimed at evaluating the relative effect of transcription initiation and elongation rates on mRNA levels via correlating NET-seq MTTR and RNAP densities with mRNA levels. The Spearman correlation between mRNA levels of endogenous and average measured RNAP density (which is expected to be mainly related to transcription initiation) is 0.5 or 0.55, when controlling for the GC of the genes (p<10 ¡64 in both cases). The Spearman correlation (controlling for gene GC content or RNAP density) between the NET-seq MTTR and mRNA levels is very significant (r D 0.12; p D 1.7¢10 ¡15 ), but lower than mRNA levels vs. average measured RNAP density (see Fig. 3B, C) . This implies that genes with lower relative 5-mers density scores (i.e. higher transcription elongation rate) tend to have higher mRNA levels.
In order to further support the claim above and show that the relation cannot be explained by simple features of the sequence (e.g., GC content), we calculated the NET-seq/PROseq k-mer density scores for 1,000 randomized transcriptomes generated by shuffling of each gene's nucleotides (3 rd random model; see Methods). Analysis found that the correlation between the actual 5-mer scores and the randomized versions was lower than 0.59 (median D 0.56; i.e. less than 31% of the variance of the actual 5-mer score can be explained by the randomized variant). Next, we calculated for each randomized transcriptome its MTTR scores and compared them with the actual MTTR results; the correlation between the actual MTTR and the randomized MTTR was found to be lower than 0.72 (median D 0.69; i.e. less than 48% of the variance of the MTTR score can be explained by the randomized variant). Finally, analysis demonstrated that all the correlations of the randomized MTTR vs. mRNA levels were lower than the actual value (NET-seq: actual D 0.262 vs. random median D 0.186, PROseq: actual D 0.268 vs. random median D 0.178; empirical p<1¢10
¡3 , see Fig. S12A ). Results remain consistent when using 1,000 randomized transcriptomes that preserve the ORF's CUB (4 th random model; see Methods). We note that the measured density depends strongly on the transcription initiation rate, but our computed RNAP density relates only to the elongation rate. Thus, our results support the conjecture that elongation and not initiation alone have a certain contribution to transcription rates and the organismal fitness, as well as associates with them.
It was previously shown that different codons tend to have typical (and different) codon decoding rates, which tend to affect translation elongation rates in vivo. 2, 27, 28 Thus, one fundamental question is related to the possible relation between transcription and elongation rates, or whether CUB tends to affect both transcription and translation elongation in a correlative manner. To examine this, we correlated the estimated MTTR values with the estimated codon Mean Typical Decoding Rates (MTDR) of the S. cerevisiae genes 18 and found it to be significant (r D 0.18, p D 4.1¢10 ¡29 ; correlation of r D 0.34, p<10
¡39 for highly expressed genes; see Fig. 3D ). Finally, we show that DNA folding, GC content, or the distribution of nucleotide pairs cannot solely explain the observed correlations reported in this section: first, we found that the partial correlation between MTTR and mRNA levels given GC content and folding energy, i.e. r(MTTR, mRNA j GC, FE), is 0.059 (p<2¢10 ¡4 ); the correlation between MTTR and MTDR given GC and folding energy, i.e. r(MTTR, MTDR j GC, FE), is 0.43 (p<10 ¡183 ). In addition, we performed dinucleotide randomizations that preserve the frequency distribution of adjacent pairs of nucleotides (in addition to GC content; see
¡3 , see Fig. S12B ).
The RNAP density score over introns and UTRs correlates with expression levels in synthetic libraries
In order to demonstrate the direct effect of transcription elongation on mRNA levels, we need to control for factors such as the transcription initiation rates, which vary among different endogenous genes and have strong effect on the transcription rate. One possible experimental way to control for transcription initiation is via the study of synthetic libraries, composed of variants with identical promoters (and thus identical or similar transcription initiation rates); in this sub-section we report the analysis of two such libraries.
At the first step, we re-analyze the measured expression levels taken from Yofe et al. 29 and related to 240 YFP based variants transformed in S. cerevisiae. Each variant contains the same promoter, the first 195 YFP coding nucleotides, a different native yeast intron, and the remaining 600 YFP coding nucleotides. Accordingly, the variants differ only by the use of different yeast intron (see illustration in Fig. 3E ), which is expected to be removed from the pre-mRNA before the translation stage. Thus, the differences in YFP levels in this library are partially related to differences in transcription elongation of the introns and splicing efficiencies.
We found that the spearman correlation between the measured expression level and our computed MTTR is 0.3 with p D 4.9¢10
¡5 (see Fig. 3G) . The average expression level of the variants with top 10% MTTR score (which has mean MTTR of 1.04) is 5,490 compared to 2,534, which is the average expression level of the variants with lowest 10% MTTR score (which has mean MTTR of 1.01; Wilcoxon rank-sum test with p<2.7¢10
¡4
). These results roughly suggest that an increase of 1.023 fold in MTTR is related to an increase of 2.17 fold in mRNA levels (when the initiation rate is not affected).
Additionally, we performed an analysis that also controls the transcription initiation rate, aiming at estimating the relation between transcription elongation rates (measured by MTTR) and mRNA levels in a controlled experiment. For that purpose, we have used the mRNA levels of different variants of the gene HRSVgb04 from a synthetic library, which was adapted to S. cerevisiae by Ben-Yehezkel et al. 27 . All variants share the same promoter and coding region and hence, presumably, have the same initiation rate. The library contains 13 variants of the 5 0 UTR (each of them is 14nt long; see Fig. 3F ). We have computed the MTTR of each variant (using 5-mer density scores learned from RNAP profile experiment). The Spearman correlation between MTTR and mRNA levels in the library (see Fig. 3H 
Evidence supporting the conjecture that there is selection for decreased elongation rate at the beginning of transcripts
The new transcription elongation rate measure developed here enables studying for the first time not only the MTTR of genes, but also the profile of transcription elongation speed along transcripts. Ergo, we studied the mean genomic profile of MTTR over non-coding parts of the genes (which are not considered to be under selective pressure related to the properties of the encoded protein).
To this end, we generated a genomic profiles of transcription elongation speed based on the 5-mer typical NET-seq RNAP densities; see details in the Methods section. Interestingly, we found that at the first 16 nucleotide of the non-coding part of the transcript the speed tends to be lower than afterwards. Specifically, as can be seen in Fig. 4 , the elongation speed increases monotonically at the beginning of transcripts and is lower than the elongation speed at the end of transcripts. Furthermore, and as can be seen Fig. 5 , this relation holds for many gene functions supporting the conjecture that this feature may be under selection to improve the organismal fitness.
Functionality of genes with efficient transcription elongation
Lastly, we aimed at finding the functional gene group with top (and low) transcription elongation rates. To this end we performed functional enrichment of the genes based on their MTTR; see more details in the Methods section and Eden et al. 30 There are 191 biological process GO terms enriched with a p-value lower than 10 ¡3 for genes with higher transcription elongation rate and 160 for genes with lower transcription elongation rate. We used the Enrichment Map Cytoscape plugin in order to deal with the high number of enriched terms. 31 The enriched GO terms are represented as nodes in a network where edges connect any two terms with a relatively high gene overlap (see Methods section for details). Similar connected nodes were clustered together and were named following the most frequent words from the terms description.
We found that genes that relate to biological processes such as transport tend to have high transcription elongation rates and regulation of metabolic process tend to have low transcription elongation rates (see Fig. 6A -B, Supplementary Data file, and Fig. S4-S5 ).
Discussion
In this work, we performed for the first time a large scale transcription elongation study in a model organism. Our analyses suggest that transcription elongation rate is partially encoded in the composition of short nucleotide sub-sequences of the gene DNA sequence, and provide the first quantification of this relation. The reported results also suggest that not only initiation but also the elongation phase has significant effect on transcription, gene expression, organismal fitness, and the evolution of transcripts.
Although our results quantify the relation between the RNAP density reads and the underlying DNA sequence, we still do not fully understand the mechanisms behind the elongation process. We have ruled out several simple factors, such as folding energy and GC content, which could explain the causes for high density reads. Therefore, it is possible that some of the reported signals are due to complex interactions (and not a single factor) between DNA nucleotide k-mers and the RNAP, and/or pre-mRNA and/or other transcription factors, and/or the nucleosomes, etc. Accordingly, our analysis calls for additional set of experiments for deciphering the biophysical mechanisms by which transcription elongation rate is encoded in the DNA. Specifically, the effective RNA-DNA surface interaction length (i.e. the length that is relevant to its movement) is currently unknown and non-trivial to measure; the length and the location of this surface may help explaining some of the patterns reported here.
As was demonstrated, different nucleotide k-mers tend to have typical effect on transcription elongation speed, which can be used for inferring the elongation rates of all endogenous and synthetic genes in organisms with measured RNAP densities. This can be done even if there are RNAP density measurements for part of the organism's genome, or when considering only highly/lowly expressed genes. Moreover, the correlation between the MTTR score of the two studied protocols (i.e. NET-seq and PRO-seq) is high, suggesting that our method is robust and gives consistent results even when using different protocol. This method can therefore be used to develop novel models of transcript evolution, which consider the effect of mutations on organismal fitness, and for improving our understanding of the evolutionary constraints affecting different properties in various transcript regions; see, for example. 6, 8, 32, 33 The data related to typical transcription elongation rate can also be integrated to biophysical models of transcription, 34, 35 and to machine learning models 36 aiming at predicting various aspects of gene expression.
Interestingly, we have found that there is a positive correlation between the estimations of the transcription-elongation (i.e. MTTR) and translation-elongation rates (i.e. MTDR), and vice versa. We have also shown that different k-mers of nucleotides tend to have typical transcription elongation rate. Thus, by definition, changing the codon composition of a gene (i.e. CUB) affects its nucleotide kmer composition and thus its transcription elongation rate. This relation may also suggest that there is co-evolution of the transcription-elongation and the translation-elongation processes through the sequence level. This coupling, we conjecture, may possibly leads to more efficient gene expression due to similar codon effects on the elongation rates of both transcription and translation. This result also highlights the non-modularity aspects affecting the way gene expression is encoded in the transcript, and emphasizes the challenges in understanding the relations between codon-usage, gene expression, and organismal fitness.
2,37
One important result reported in this study is related to the correlation between transcription elongation estimation (i.e. MTTR) and mRNA levels. It is important to emphasize that there are two major (not mutually exclusive) mechanisms that can explain the correlation between MTTR and mRNA levels of endogenous genes: 1) It is possible that a higher transcription elongation rate (i.e. higher MTTR) directly affects transcription rate and thus mRNA levels; thus, highly expressed genes have higher mRNA levels partially since they have higher MTTR. 2) A less direct possible mechanism may be related to the fact that highly expressed genes consume more RNAPs, since they have higher initiation rates. For that Figure 5 . Transcription elongation profile for different GO slim categories. The red color means that the profile at that position is below the median random profile; otherwise the color blue is used. In all the mean MTTR of the first 15 nucleotides is lower than the mean MTTR of nt 16-70. reason, they undergo stronger sequence selection for higher transcription elongation rates to improve transcription efficiency through increasing the pool of free RNAP, and increase global transcription initiation rates; a similar idea was suggested in the case of translation. 21, 38 The fact that there is significant correlation between MTTR and RNAP density supports the conjecture that the second explanation is at least partially relevant. However, the fact that a positive correlation between MTTR and expression levels was observed in the case of the synthetic libraries 27, 29 supports the conjecture that elongation affects the transcription rate and mRNA levels in a direct causal way. In addition, the reported correlation between MTTR and expression levels in synthetic libraries demonstrates that estimation of transcription elongation rates can and should be used for gene expression optimization of heterologous genes for various biotechnological objectives. Specifically, we suggest that manipulating the nucleotide composition of the entire transcript (and not only the promoter) can have an effect of a few hundred percentages on expression levels due to their effect on transcription elongation.
It is important to emphasize that this study is based on estimating the typical transcription elongation speed of all the kmers and not in relatively rare transcription pauses. In practice, the effect of a single k-mer on the overall typical elongation rate of a gene is naturally expected to be relatively small. Thus, similarity to the case of CUB based indexes, 18,39-41 we compared the MTTR score of the entire transcripts to expression measurements from synthetic systems. 27, 29 Our analyses of the synthetic libraries show positive correlation between MTTR and expression levels (see the examples in Fig. 3E-H) ; these results support the conjecture that transcription-elongation affects the transcription rate and mRNA levels in a direct causal way.
Rivetingly, we found that the transcription elongation at the beginning of transcripts tend to be lower than afterwards. This result suggests that the profile of transcription elongation and not only the average elongation rate is important for the organismal fitness and is analogous to a similar result observed in the case of translation elongation. 21 Various explanations were suggested in the case of slower translation elongation at the 5 0 end Figure 6 . Enrichment map of GO terms. The enriched GO terms (red circles -their size is proportionate to the number of genes associated with this GO term) are grouped together in clusters based on their similarity. The cluster name (the font size represents the number of GO terms enriched in the cluster) is a function of the word frequency in the description of the corresponding GO terms. (A) Enrichment map for genes ordered by ascending MTTR order, which is related to genes with low transcription elongation rate. (B) Enrichment map for genes ordered by descending MTTR order, which is related to genes with high transcription elongation rate.
of coding regions, many of them might be also relevant here. For example, it was suggested that this feature improves the allocation of ribosomes via decreasing the number of traffic jams and thus improving the number of available ribosomes. 21, 38 Similar arguments can be applied in the case of RNAP allocation. Additionally it was suggested that this feature is related to timing the recruitment of chaperons, 2, 22 and analogous explanations may be related to recruitment and/or stabilization of transcription elongation factors. This feature may also be related to lack of selection against transcription errors (that may be more abundant when the elongation speed is lower as was suggested in the case of translation, 2 which may be less deleterious at the 5 0 end of transcripts. This research was done solely on protein coding genes, which are known to be transcribed by the RNAP II and thus are related to the analyzed protocols. 9, 24 It would be interesting for future research to repeat this analysis for other types of RNA polymerase (e.g., RNAP III), and using the relevant protocol.
Finally, the data (ribosome and RNAP density reads) that were used to generate our results (as is the case with any next generation sequencing based data) may suffer from an experimental bias (e.g., early unimodal shape; see Fig. S6 ). Nevertheless, our results hold even after ignoring the first 200 nucleotides that contain the suspicious peak. In addition, we controlled for GC content and we show that the results cannot be obtained via the analyses of mRNA-seq data instead of RNAP related reads; hence, they are not trivially related to biases or to the sequencing process.
Conclusions
Our results demonstrate that transcription elongation information is partly encoded in the DNA sequence and is affected by the composition of short DNA sub-sequences that appear in the transcript. Thus, our analyses suggest that codon usage should also be associated to transcription elongation: changing a codon to a different one affects not only translation but also transcription. In addition, using a novel measure of transcription elongation we were able to show that transcription elongation significantly affects gene expression and organismal fitness; while the effect of transcription initiation is stronger, elongation does has an effect.
These novel methods and results described here have important ramification to many biomedical disciplines including functional genomics, systems biology, molecular evolution, and biotechnology. They should enable developing more accurate models related to fundamental phenomena and objectives in these fields.
Materials and methods

Data sources
Gene reference genome and annotations were downloaded from NCBI (08/05/2009). We used the UTR annotations published by Xu et al. 42 Levels of mRNA were based on Ingolia et al. 17 Nucleosome positions were based on a nucleosome map created by Brogaard et al. 43 Ribosome densities were based on two different studies. 17, 44 The mean of typical decoding rate (MTDR) scores are based on Dana & Tuller. 18 We used nascent RNA reads related to RNA polymerase densities (i.e. NET-seq) that were measured by Churchman and Weissman in the model system of S. cerevisiae, with mRNA-seq data of fragmented mature mRNA of size distribution similar to that of the nascent RNA was also used. 9 In addition, we used recently published PRO-seq (Precision Run-On sequencing) data for S. cerevisiae, taken from Booth et al. 24 To this end, all the files containing the processed/aligned read count (RC) information were downloaded from the Gene Expression Omnibus database (GEO; accession numbers GSE25107 and GSE76142, respectively). The RCs of each gene were divided by the average RC (of that gene) in order to control for different transcription initiation rates; we will refer to them hereafter as NRCs (Normalized RCs). Specifically, we used the WT NET-seq and WT PRO-seq files (respectively), as well as the WT mRNAseq information. For NET-Seq (or PRO-seq, respectively) the raw RNA fragments of at least 18 (or 15) nucleotides were remapped to the yeast reference genome allowing three (or two) mismatches and only unique alignments were considered. The mapping was done using Bowtie 45 ; this version enforces a quality-aware alignment policy by default and with the following parameters: "-n 2 -l 28 -e 70"; see more details in the relevant GEO accession page. For instance, The NET-seq Alignments to genomic regions represented 27%-42% of the total reads, an approximately 100-fold enrichment for nascent RNA (assuming that the nascent RNA constitutes 0.34% of the total RNA in the yeast cell). 9 The NET-Seq and PRO-seq datasets contains many locations without any RC information; this raises the question whether it is related to low coverage, noise/biases due to problems in the experiment, no transcription, or maybe other reasons. Therefore, when we computed the typical k-mer density scores we normalized the sum of NRCs (per k-mer) by the kmer non-zero occurrence (i.e. zero-density reads were filtered out); for NET-seq, we also filtered out exceptionally high-density reads (or pauses; see definition in the next subsection), which are not in the focus of this work. Yet, results were very much the same, when using and without using this normalization method; see Table S1 .
We used the mRNA levels of variants of a heterologous gene (HRSVgb04), adapted to S. cerevisiae, generated by Ben-Yehezkel et al. 27 Briefly, they analyzed the gene HRSVgp04 and generated 3 libraries differentiated by nucleotide composition in three different regions: 5 0 UTR, the first 40 codons (after the start codon), and the 40 codons after them. The general composition of each library included the same promoter followed by a 5 0 UTR (14 nucleotides), a start codon, 240 nucleotides (the first 80 codons from HRSVgb04) and an optimal codon YFP reporter (483 nucleotides). The first library randomized the 14 nucleotides in the 5 0 UTR. The second library had synonymous nucleotide substitutions in the first 40 codons of the open reading frame (ORF); only the third nucleotide of codons 2-41 of the HRSVgp04 ORF were modified, maintaining the encoded protein and the nucleotide composition outside this region. The third library had synonymous nucleotide substitutions in codons 42-81 of the ORF; again, only the third nucleotide of codons 42-81 of the HRSVgp04 ORF were modified, maintaining the encoded protein and the nucleotide composition outside this region. The three libraries include a total of 207/151/25 variants, and were named L5UTR, L2-41C, L42-81C, respectively. The mRNA levels of 16/6/13 variants were measured and were used in our analysis. For more details see. 27 We used mRNA levels of S. cerevisiae YFP variants taken from Yofe et al. 29 Each variant contains a promoter, the first 195 YFP coding nucleotides, a native yeast intron, and the remaining 60 YFP coding nucleotides. The variants differ only by the use of the yeast introns (see Fig. 3E ). In this library, some variants had very low expression, which means that probably splicing did not occur. We filtered out those un-spliced variants, 29 which yielded 178 variants.
Pauses
Transcription pauses are positions in the gene in which the RNAP spends an exceptionally long period of time and they are usually related to various transcription regulatory mechanisms. Possible evidence of a pause can be an exceptionally high RNAP read at that position. As such, locations with high amount of NRCs are usually defined as 3 standard deviations above the mean of the surrounding 200 nucleotides with no pause.
9,26
We report a transcription pause to be the nucleotide position of an RNAP read, which is higher than six standard deviations above the mean of the 99% lowest reads of a particular gene -a slightly different calculation of the pause; nevertheless, both computations yield similar results (see Fig. S8A and Note S4).
Algorithms and tools
We filtered out genes that do not have any of the following data: RNAP density reads, UTR coordinates, or mRNA levels. We were left with 4,232 genes. To ensure there are no biases due to different gene length, we further filtered the data to 1023 genes with length greater or equal to 1,000nt, and median read count greater than zero (see Fig. S7 ).
Learning of the k-mer density scores
Let ard g be the average read density of gene g. Let d g (k) be the sum of density reads of the middle nucleotide of k-mer k in all its occurrences in gene g. Let c S (k) be the total number of occurrences of k-mer k in all the genes in gene set S. Thus, the density score of k-mer k in gene set S, d S k ð Þ, is then computed using (1).
We normalize by the ard g to control for the unknown initiation rate of that gene which is expected to affect uniformly all the positions in the gene.
The score variance can be computed using (2) .
The GC score for a k-mer is defines as the counting the number of the G/C nucleotides in this k-mer. GC content is the GC score divided by the k-mer length.
Aggregate RNAP density profile
We aligned all the genes to their TSS and averaged the densities of all the genes at each position. See typical features of the global density profile in Supplementary Note S5.
Lags
Density score with a lag L means relating the density score of a nearby (L nt upstream/downstream to the current position depends on l's sign) k-mer to each k-mer.
DNA folding prediction
We computed the local DNA folding energy profile of each gene in overlapping windows of 40 nucleotides. For each such window we used a tool to compute the free energy -Vienna RNAFold with a set of parameters adapted to DNA chains. 46 The energy score of each 5-mer is the average of all the windows that contain this 5-mer.
5-mers distribution
We focus our analysis on 5-mers and not on longer k-mers since longer k-mers may not be found in some or all subsets of the genes. Shorter k-mers contain less information hence they are less preferable. There are 1024 (4 5 ) different 5-mers. The histograms in Fig. S9 describe the log-normal like distribution of the number of occurrences of 5-mers across all the genes, and the NRC per k-mers for k D 5, 6, and 7. See further details in Supplementary Notes S1/S4.
Analysis of the PRO-seq dataset
The PRO-seq RNAP information was downloaded from Booth et al. 24 and matched to the NET-seq data. Initially, a comparison of the average mRNA-seq levels obtained from the NETseq and PRO-seq studies was done over the entire S. cerevisiae genome (r D 0.75; p D 7.18¢10 ¡188 ). Next, a similar comparison was performed, based on the NRC information, showing a much lower association (r D 0.3; p D 1.43¢10 ¡23 ). Therefore, we carefully analyzed the NET-seq and PRO-seq NRC profiles, in order to locate the position that maximizes the mean/median correlation of these profiles; this was done at a single nucleotide resolution and separately for each gene over the entire genome; the profile information can be found in Supplementary Data file SD2. We found that the highest correlation between the gene's NRC profiles is found when a two nucleotide upstream lag is done on the PRO-seq dataset (see previous sections and Fig. S3 ). We used this result to calculate the PRO-seq k-mers density scores, based on this lag. Specifically, when we compared the 5-mer density scores ranking of the PRO-seq with the one obtained for NET-seq we found the Spearman correlation to be 0.29 (p D 1.04¢10 ¡20 ); this suggests a consistency of the k-mer ranking between the two datasets, which is the level of the correlation previously found between the two protocols. See also 5-mer ranking comparison in Table S1 .
The mean typical transcription elongation rate (MTTR)
The gene transcription elongation rate (i.e. the Mean Typical Transcription elongation Rate; MTTR) is computed using a geometric mean of the reciprocals of all its k-mers density scores of a specific gene. Accordingly, different gene (with other sequence) will naturally have different set of k-mers and therefore a different MTTR score; as such, it also controls for the length of the gene transcribed.
This metric was chosen to use geometric mean due to its higher sensitivity to lower/higher values in comparison to regular average measures, such as the arithmetic mean. It is based on the hypothesis that very slow k-mers should have relatively high effect on the total elongation rate. This averaging method is quite common, and is widely used in the field.
18,39,40 Nonetheless, the measure is robust and changing to arithmetic mean gives similar results, e.g., the Spearman correlation between arithmetic and geometrical MTTR is for NET-seq is 0.97.
Transcription elongation rate profile
We aligned the 5 0 UTRs of most of the yeast genes (4171 genes with UTR length > 4) to the transcription start site. At each position (i) we averaged the reciprocal 5-mer density score of all the genes with a UTR longer than iC4.
Where g i is the group of all genes with a UTR longer than iC4, d ig is the density score of the i th 5-mer of gene g.
Randomization null models
In order to support our claims we used various randomization models in this work (our 'null hypothesis' models, based on the S. cerevisiae reference genome), with up to N D 1,000 randomization generated in each model. Specifically, they were designed to preserve key elements of the original set such as NRC distribution, GC content, CUB, intronic and UTR properties, etc. Hereafter, we describe the randomized models used: 1) This model allows us to test the Spearman rank correlation between 5-mers density scores learnt from two equally sized non-overlapping/disjoint groups of genes.
To this end, we randomly split the set of genes into two equally sized subgroups and for each subgroup compute all the 5-mers density scores. 2) This model allows us to test the Spearman rank correlation between 5-mers density scores learnt from different sections of the genes. To this end, we look only at the first 1,000 nucleotides of each gene (starting from the TSS) divided into ten 100nt long sections. Specifically, randomly split the set of genes into two equally sized groups; for each group of genes we compute all the 5-mer density scores per section. Next, we compute the Spearman rank correlation between the 5-mer density scores of each section of the first group to the scores of the other group. 3) Transcripts were randomized by shuffling each gene's nucleotide positions for 1,000 times; this randomization maintains the transcript length, read count distribution and GC content of each gene, but creates a new sets of kmer distributions. 4) Genes were randomized for 1,000 times as following:
Non-coding regions were randomized by a shuffle procedure, while coding regions (i.e. ORFs) retained the CUB of each gene. This randomization maintains the ORF length, codon-usage, and the GC content of each gene. 5) In order to show that the reported selection signal is not related to naturally occurring biases due to neighboring codon frequencies, we used a model that preserves both the amino acid order and content, and the frequency distribution of 16 possible pairs of adjacent nucleotides (i.e. dinucleotides) for each sequence separately. Specifically, we used the algorithm proposed by Zhang et al., 47 which is based on a multivariate Boltzmann sampling scheme; see more details in Goz & Tuller. 48 The nucleotide shuffling (described in models 3, 4, and 5) is done after the reads are mapped, aligned to the yeast reference genome, and normalized to control for the different transcription initiation rates (per gene). Therefore, for each nucleotide there is matching NRC information. In the process of randomization, nucleotides independently change position in each gene, including their corresponding NRC; this maintains the NRC distribution and the GC content of each gene, but creates different distribution of k-mers in this gene (or any other gene for that matter). empirical p-value level was determined based on a comparison between the randomized models and the actual one as follows, when we expect the real to be significantly lower than the randomized: Let S 0 be the value of the actual intronome and S D S 1 ; S 2 ; Á Á Á ; S N a vector containing N random values sampled from the randomized models, where S i is the value of the i th sample; then p D 1 N P N i D 1 j S i > S 0 f gj . When we expect the real to be significantly higher than the randomized version, the p-valued was computed as follows: p D 
Correlation and significance level evaluation
In this work the Spearman's rank correlation coefficient is regularly used. It was chosen (instead of the Pearson correlation) due to its ability to evaluate monotonic relations, which are not necessarily linear in nature. The correlations reported here are based on thousands of points/genes and on noisy/biased data. For such cases it is usually very difficult to get correlation values that are higher than 0.5-0.6; for instance, a typical correlation between expression levels measurements of the same condition in different labs is around 0.5. In addition, there are potentially between dozens to thousands relevant factors in this type of research and usually a good model should include dozens of relevant variables. Thus, a correlation of »0.4 (like some of the correlations reported here) means that »16% (i.e. 0.4^2) of the variance in one variable can be potentially explained by the second variable and this is practically very high and helpful for model development. Indeed many important studies published in recent years have reported absolute correlation values of 0.3-0.6 in many biological systems (for example, 7, 18, 24, 32, [49] [50] [51] [52] [53] [54] [55] ).
MTTR GO enrichment and enrichment map
We used the GOrilla enrichment tool on the list of genes ordered by ascending and descending MTTR order. 30 Enrichment Map Cytoscape Plugin is a graphical tool for summarizing large number of enriched terms. 31 The enrichment data is represented as a network. Nodes in the network represent gene-sets (i.e. GO terms) and edges represent mutual overlap (i.e. genes) between two sets; a network clustering method named markov cluster algorithm is used to group highly redundant gene-sets. 56 Each cluster is then gets its name from the most frequent words of the description of the genesets in this cluster using word cloud tool. 57 There are two parameters that determine which nodes will appear and are based on the GO terms' p-value and FDR q-value (we used 0.005 for both). Another parameter controls whether two nodes will be connected with an edge based on the magnitude of gene overlap between the two nodes, we used Jaccard score of 0.4.
